There is an urgent need to understand species and community responses to climatic and ecological changes to predict biodiversity patterns given anticipated global change. The current distribution of species and the environment provide a limited perspective to study and predict ecological responses; therefore, biodiversity responses to past environmental changes must be examined. The rapid development of ecological niche models (ENMs) and their use in reconstructing past species distributions has facilitated inclusion of past observations into predictive models. Paleodata offer an opportunity to test the predictive ability of ENMs and their underlying assumptions. However, paleodata remain underutilized despite the rapidly growing field of paleoinformatics. New modeling methods that incorporate species associations, coupled with paleodata, provide more robust approaches to studying species and community responses, especially given the predicted emergence of no-analog climates and communities in the future.
INTRODUCTION
The prospect of widespread ecological change caused by recent and projected climate trends has accelerated scientific interest in (a) developing ecological models capable of predicting species and community responses to changes in climate and (b) using paleohistorical observations of species and community responses to past environmental change to test the predictive accuracy of such models and to refine their parameterization (Botkin et al. 2007 , Brewer et al. 2012 . The current distribution of species, environmental conditions, and their interaction represent only one snapshot of a continuously changing Earth, which bears the signature of historical legacies, both recent and ancient (Ricklefs 2004 ). However, we can widen this limited perspective by examining species and community responses to climatic and ecological changes in the past (Wolkovich et al. 2014 , Jackson & Blois 2015 . This is especially true given the expected future emergence of no-analog climates ) and the general challenge of understanding how individualistic species responses to climate change will lead to shifting biotic interactions (Blois et al. 2013c) , with uncertain implications for community composition and function. The paleorecord occupies a unique niche within global change ecology (Dawson et al. 2011 ) by providing well-documented instances of species and community responses to large, rapid, and/or persistent environmental changes at spatial extents ranging from local to global and at temporal resolutions ranging from subannual to decadal (e.g., biological proxies obtained from tree ring, speleothems, and ice cores), decadal to centennial (e.g., proxies obtained from lake sediments), and centennial to millennial (e.g., proxies obtained from ocean sediments).
The rapid development of ecological niche models (ENMs) in recent years and their use in reconstructing species responses to past environmental changes has furthered our understanding of how species respond to climate changes resembling those currently under way. Building on Hutchinson's (1957) conceptualization of a species niche, ENMs link species presences (or more rarely, abundances) observed in space and time with environmental information to fit statistical relationships between them that can then be used to predict species occurrences at other times, places, and environments (Peterson et al. 2011) . ENMs can accommodate many kinds of occurrence data (modern observations of species presences or abundances, historical observations, fossil data) as well as environmental variables at multiple spatial and temporal scales (e.g., climate variables such as temperature or precipitation, physical environmental variables such as soil characteristics, or even biotic variables such as the presence of competitors), thereby allowing models to be fit in and/or projected to past, present, or future time periods (Elith & Leathwick 2009 ). Most ENMs are trained primarily on contemporary environmental data and focus on predicting present and future distributions, e.g., to predict areas at risk for invasive species, assess climate-driven range shifts, or prioritize locations for protected areas and land acquisition.
Recently, ENMs have expanded to incorporate information about species associations as an indirect source of information about species interactions or other factors influencing species distributions. Although other methods attempt to gain inference regarding biotic interactions (as opposed to associations, e.g., Pollock et al. 2014) , the inclusion of co-occurrence patterns alone may improve the ability of ENMs to predict community responses to climate (Kissling et al. 2012 , Wisz et al. 2013 . New techniques such as community-level models (CLMs) that model all species within a community at once by applying multiresponse ENMs to presence/absence matrices fall within this emerging class of methods, but rarely have they been taken advantage of in the ENM literature, especially for reconstructing species distributions from the past or predicting into the future. By capturing processes driving co-occurrence patterns, including shared climatic requirements, CLMs may improve our ability to reconstruct species distributions and community assembly from the past (or to project them into the future) during time periods with no-analog climates versus traditional species-level ENMs.
Paleodata: direct evidence of past species occurrences/ abundance from microfossils, macrofossils, or, increasingly, environmental ancient DNA Hindcasting: ENMs that are fit using current distributional and climate data and that project into the past using paleoclimatic simulations or data
General circulation models (GCMs):
physics-based models of atmospheric and oceanic circulation; now commonly called earth system models Regardless of the type of ENM/CLM used, fitting and/or projecting models into the past provides opportunities to gain greater understanding of species responses to global change as well as to test their predictive accuracy. For example, incorporating paleodata into ENMs for calibration can provide added strength to elucidate ecological processes that influence contemporary diversity and distributions. More importantly, ENMs and paleodata can be combined to evaluate the strengths and weaknesses of ENMs and hence their reliability for projecting species responses to twenty-first-century climate change. ENMs coupled with paleodata have illustrated the challenges of modeling across no-analog climates and model transferability (e.g., Veloz et al. 2012) , the scaling of model performance with different magnitudes of climate change (e.g., K.C. Maguire, D. Nieto-Lugilde, J.L. Blois, M.C. Fitzpatrick, J.W. Williams, S. Ferrier & D.J. Lorenz, manuscript in review) , the challenge of adequately describing species niches (Nogués-Bravo 2009), and issues of shifting covariance structures in both climates and communities (Braganza et al. 2003 , Jackson et al. 2009 , Record et al. 2013 . However, despite the demonstrated utility of combining paleodata and ENMs, few hindcasting studies with ENMs or CLMs use actual paleodata for model calibration or validation. This constitutes a missed opportunity to harness the full power of the fossil record for hypothesis testing.
Here we summarize the rapidly growing field of ENMs used to analyze past, current, and/or future ecological change, focusing on models that consider the past in some way. Recently, there have been several comprehensive reviews on the use of ENMs to study past ecological and evolutionary processes (Nogués-Bravo 2009 , Svenning et al. 2011 , Varela et al. 2011 , Myers et al. 2015 . We build upon these prior reviews in three ways. First, we provide a brief update on the state of the field and specifically address the extent to which recent studies have incorporated suggestions and best practices from previous reviews to overcome inherent assumptions of ENMs. Second, we review the state of the field with respect to assembling the cyberinfrastructure and paleoecological data sets needed to test and validate ENMs. Lastly, we review how CLMs and the fossil record can be combined to study species and community responses to climate and ecological change through time and argue for the use of this new class of models to improve reconstructions and projections.
ECOLOGICAL NICHE MODELS AND PALEOECOLOGY: STATE OF THE FIELD
ENMs may elucidate past species-environment relationships, providing a statistical approach to formulate and test ecological hypotheses through time as well as a predictive tool for species distributions and ecological niches that can be quantitatively assessed (Svenning et al. 2011 , Myers et al. 2015 . For example, ENMs can test hypotheses on lineage diversification in relation to climate change, migration and biogeographic patterns, demographic changes, location of refugia, extinction of species, and niche evolution through time ( Table 1) . The most common use of ENMs in the historical record is in conjunction with phylogeographic analyses to explain current distribution and diversity patterns (Richards et al. 2007) (Figure 1a) . In these studies, past species distributions are constructed via hindcasting, wherein models are calibrated on the current distribution of a species and then projected into the past using a paleoclimate reconstruction, e.g., general circulation model (GCM), of a particular time period in the past (most commonly, the mid-Holocene, last glacial maximum, and last interglacial, although recent interpolation and downscaling efforts have provided refined short time slices on the scale of every 500 to 1,000 years for the past 21,000 years) (Figure 1b) . Increasingly, ENMs are combined with other ecological and evolutionary models and analyses, including population dynamic models, coalescence models, and trait-based and phylogenetic analyses, which in turn require integration of paleodistributional Rödder et al. 2013 , Shi et al. 2014 Forecasts of future distributions and genetic diversity Fordham et al. 2014 , Yannic et al. 2014 Phylogenetic biogeographic patterns Lawing & Matzke 2014 Biogeographic patterns and species distributions through time Range shifts Martinéz Meyer & Peterson 2006 , Nogués-Bravo et al. 2008 , Pearman et al. 2008b , Neiva et al. 2014 Range expansions Saltré et al. 2013 , Neiva et al. 2014 Migration pathways Garzon et al. 2008 , Waltari & Guralnick 2009 Past refugia and areas of stable climate Gavin et al. 2014 , Shi et al. 2014 Rates of change in past habitat availability Lawing & Polly 2011
Reconstruction of vegetation or biomes Werneck et al. 2011 , Collevatti et al. 2013 Establishment and prioritization of habitats for conservation purposes Williams et al. 2012 Evolution and extinction of species through time and paleoclimatic data with observations of, for example, species traits, phylogeny, or gene frequencies (e.g., Lorenzen et al. 2012 , Fordham et al. 2014 , Metcalf et al. 2014 . Several recent reviews document the explosion of interest in the use of ENMs to reconstruct past distributions; cover methodology, data, model algorithms, and their strengths and weaknesses; and provide guidelines for using ENMs in general (Nogués-Bravo 2009 , Svenning et al. 2011 , Varela et al. 2011 , Myers et al. 2015 . These guidelines have emerged as a result of the questionable theoretical footing of ENMs (Dormann 2007) and precisely because of related issues brought to light during studies of species distributions and assemblages through time. Although these guidelines were developed to predict species distributions, they may also apply to ENMs designed to model species assemblages. Collectively, these previous reviews have highlighted the need to test for (a) niche stability, (b) species-environment equilibrium, and (c) no-analog climates as well as the need for (d ) use of pooled niches to better approximate a species potential niche, (e) independent model validation, ( f ) use of multiple ENM algorithms to reduce the effect of model variation, and ( g) use of multiple climatic reconstructions (Collevatti et al. 2013) . Use of models that incorporate parameter and prediction uncertainty will also improve ENMs (Swanson et al. 2013) .
Literature published from 2011 to 2014 in which ENMs focus on past species distributions contain very few studies that test for niche stability and only a couple have pooled species niches through time (Figure 1c) . Almost half these studies compare the current distribution of a species to the modeled distribution, indirectly testing whether it is in equilibrium with its current environment. Several studies have quantified the presence of past no-analog climates, largely on the basis of an easy-to-use function within the Maxent program, the most commonly used ENM algorithm (Ahmed et al. 2015) . Following suggestions from all these reviews, recent studies have used multiple GCMs, but there remains much room for improvement, especially because the use of multiple GCMs is possible and straightforward for certain time periods (e.g., 6 kya, 21 kya) through readily downloadable data sets (e.g., PMIP, https://pmip.lsce.ipsl.fr/; Worldclim, http://www.worldclim.org/). Model output can vary depending on the model class (e.g., GLM, MARS), the climate simulation, and the nature of the data. Therefore, all reviews suggest using multiple model classes, model parameters, or climate reconstructions and then combining their outputs in an ensemble approach. Given uncertainties in hindcasting species distributions, using an ensemble approach can reduce the mean prediction error. The ensemble approach is implemented more frequently recently via user-friendly R packages (e.g., biomod2) (Thuiller et al. 2014) . However, the majority of studies from 2011 to 2014 use only one model class (Figure 1c) . The most common best practice observed in recent studies is testing for model congruence with an independent method or line of evidence. Most studies confirm or negate ENMs using phylogeographic analyses; however, this trend can be attributed in part to the fact that most of these studies are phylogeographic analyses and use ENMs to corroborate genetic findings. In contrast, very few studies use fossils to validate ENMs, and even fewer use both phylogeographic and fossil evidence. Overall, recent studies have incorporated reviewers' suggestions to improve the use of ENMs in the paleorecord by including a second line of evidence, using multiple GCMs and model classes, and checking for species-environment equilibrium and no-analog climates. But more can be done, particularly with respect to the inclusion of paleodata in ENM analyses.
PALEODATA SYNTHESES AND DATABASES: STATE OF THE FIELD
The power of integrating paleodata with ENMs lies in the ability of such data to constrain and evaluate ENMs, yield predictions, and test embedded assumptions-because, of course, the future predictions of ENMs cannot be directly evaluated. Realizing the full power of such integration requires the assembly of many individual paleoecological records into spatial and temporal locality networks. ENMs are relatively data intensive and require (ideally) information about the spatial occurrences of many species at several dozen locations, cross referenced with information about the physical environments. Paleoecological and paleoenvironmental proxy data are inherently in the form of a time series (Figure 2 ): a temporally sequenced set of observations from geological materials sampled from a particular spatial location. These time series can be continual (e.g., microfossil assemblages sampled from lacustrine or marine cores) (Figure 2a ) or discrete observations irregularly distributed in time (e.g., a series of macrobotanical or vertebrate remains sampled from discrete lenses in fluvial deposits) (Figure 2b) . ENMs, conversely, usually are run for time slices (Figures 1 and 2) . Even the densest arrays of paleoenvironmental proxies usually do not have sufficient coverage to produce the multivariate environmental data sets needed for ENMs (but for examples of paleoenvironmental reconstructions used to drive ENMs, see Maguire & Stigall 2009 , Lawing & Polly 2011 , Malizia & Stigall 2011 . For this reason, ENMs usually are fit using climate simulations obtained from GCMs, which are computationally expensive and so typically run for brief and carefully selected time intervals (but see Liu et al. 2009 ) (Figure 1) . Hence, synthesizing paleoecological data into the spatial arrays needed by ENMs requires assembly of individual site-specific records into larger multisite data sets. Assembly of individual paleobiological records into larger paleodatabases comes in at least three forms (e.g., Uhen et al. 2013) . First, in spatiotemporal occurrence/abundance databases 
Figure 2
Paleontological data for ecological niche models represented in space and time. (a) Core deposits containing pollen and invertebrate microfossils, as well as vertebrate cave deposits and pack rat middens, provide abundance data in time series across space. (b) Some deposits (plant, invertebrate, and vertebrate deposits) contain one to few individual fossil samples that when aggregated are similar to a time series. Time-slice breadth is dependent on sampling and can be long (time slice 3) or short (time slice 1). Paleoclimate reconstructions ( purple bars) may encompass, overlap, or partially fill a time slice. (c) Time-series data such as (i ) pollen cores, (ii ) small mammal deposits, and (iii ) invertebrate deposits inherently contain community-level data, whereas other types of deposits [e.g., (iv) vertebrates, (v) plants, and (vi ) invertebrates] must be combined to approximate a community matrix.
(SOADs), the primary unit of information is the presence or abundance of a taxon at a particular locus in time and space (e.g., Neotoma Paleoecology Database, http://neotomadb.org; Paleobiology Database, https://paleobiodb.org). Second, trait databases track the evolution of traits in the fossil record, and are often used to constrain phylogenetic trees (e.g., Morphobank, http://morphobank.org; TRY, https://www.try-db.org). Third, in museum databases, the Ancient DNA: extracted from fossils of extinct or extant species or from paleoenvironments such as permafrost primary object of curation is the physical fossil or digital imagery of the fossil and associated metadata (e.g., UCMP, http://ucmp.berkeley.edu; iDigBio, https://www.idigbio.org). We focus on SOADs here because these are the most common kind of paleodata integrated with ENMs. At the moment, SOADs are based on identification of body fossils (e.g., bones, pollen, shells); however, the developing field of environmental ancient DNA may provide occurrence data that can be incorporated into models (e.g., Pedersen et al. 2013 , Willerslev et al. 2014 . Because paleoecological expertise is usually parsed by taxonomic groups, time period, spatial domain, and even organ type (e.g., a specialist in tropical Cretaceous pollen), the assembly of paleodatabases ranges from global-scale compilations representing the collected efforts of large communities of scientists (e.g., Neotoma Paleoecology Database, Paleobiology Database) to more localized databases focusing on a particular taxonomic group, region, and/or time period (e.g., NANODe for ostracodes; see http://www.personal.kent.edu/∼alisonjs/nanode/). Associated metadata in SOADs include site metadata, geological context, age models, principal investigators, and other measurements colocated with the fossils.
Data synthesis takes work to assemble records into curated data repositories and to ensure quality control. Curation of data is particularly critical when fusing paleodatabases with ENMs because data errors can produce false presences (and absences) of species in geographic and environmental space, which in turn can lead to mischaracterizations of species niches (Varela et al. 2011) . For this reason, uncurated data repositories (sensu Kattge et al. 2014 ) are useful first steps toward open science, thereby improving data archiving and accessibility. However, these data repositories are generally insufficient for paleodata-ENM syntheses. This synthesis of paleoecological data into curated repositories suitable for paleodistributional mapping and modeling is directly analogous to the efforts to collect contemporary data into global databases of biodiversity (GBIF, http://www.gbif.org/; Map of Life, http://mol.org/) and species traits (e.g., Encyclopedia of Life, http://eol.org/; BIEN, http://bien.nceas.ucsb.edu/bien/). However, the synthesis of individual paleoecological records into the spatial arrays needed by ENMs and then the wise use of paleodata in ENMs require informed understanding of the challenges involved in moving from local paleo-observation to macroecological inference (Varela et al. 2011 ). Many of these challenges affect ecoinformatics broadly, whereas others are unique to paleoecoinformatics (Brewer et al. 2012) . Chief among these challenges are keeping age models up-to-date, accounting for temporal and spatial uncertainty, reconciling and updating taxonomy, and enabling the frictionless passing of data into and among repositories.
Temporal Uncertainty
Fossils need to be accurately placed in absolute time for samples of different ages and in different locations to be related to one another. However, the ages of fossils from different time periods and sedimentary contexts are often inferred with different methods, each of which has its own set of assumptions and potential biases and comes with different levels of uncertainty. Absolute age estimates are continuously cross-checked and refined as analytical instruments and methods improve (e.g., Blois et al. 2011) . Furthermore, because fossil samples are often not directly associated with age controls (direct radiocarbon dating of bones is an important exception), the age estimates for a particular fossil are often based on age models. There are several difficulties with using age models: Many algorithms exist for constructing age models, the application of age models to individual records requires expert judgment, and age modeling software is continually being refined (e.g., Bronk Ramsey 2008 , Blaauw et al. 2010 . From a user's perspective, the most fundamental point is that every fossil occurrence has some temporal uncertainty, which can be trivial or significant depending on the question asked; the timescale of analysis; and the characteristics of the depositional context, age controls, and age model. These uncertainties are narrowing as dating methods improve.
Spatial Uncertainty
Compared to temporal uncertainty, spatial uncertainty usually is a secondary concern, and most sources of spatial uncertainty are shared between ecoinformatics and paleoecoinformatics: For example, earlier biological collections do not have the spatial precision enabled today by global positioning systems, and the coordinates of sampling localities are intentionally fuzzed to preserve rare biological and cultural resources. In paleorecords, additional sources of spatial uncertainty are dispersal distance of pollen by wind (Goring et al. 2013) ; the postdeath transport of biological materials; and altered spatial locations due to the changing nature of continental boundaries, topography, and plate tectonics (Behrensmeyer et al. 2000 , Varela et al. 2011 ).
Taxonomy and Preservation
Although many fossils are identifiable at the species level, identifications of paleontological material often are based on fragmented or degraded specimens, which may not preserve the morphological information needed to identify an individual to genus or species level. Thus, many fossils are associated with fairly coarse taxonomic information (e.g., family-level identification). This may also be a result of identification limitations because species or, sometimes, genera are not morphologically distinct (e.g., pollen). Furthermore, differential preservation or degradation of organisms may dictate which species are present in the fossil record (Behrensmeyer et al. 2000) , influencing, for example, estimates of past alpha diversity.
Database Integration
A growing challenge in paleoecoinformatics (and ecoinformatics more generally) is that, though there are many databases, they are not yet well integrated. Hence, users seeking to discover and analyze data across many sources face an uphill battle. The issues resulting from differential treatments of space, time, and taxonomy across databases (identified above) hinder the seamless passage of information between databases. Additionally, some data or sites may be redundant between databases.
Despite these challenges, paleoecologists have long recognized that, with respect to the fossil record, the whole is far greater than the sum of its parts. Many of paleobiology's most important advances-e.g., demonstration of five major extinctions in Earth's history and study of the processes governing speciation and extinction during and after these and other events (e.g., Peters & Foote 2001)-were possible only by synthesizing many individual fossil occurrences into regionalto global-scale databases of fossil distributions. This has spurred a long history of paleodata synthesis and creation of cyberinfrastructure (e.g., Brewer et al. 2012 , Uhen et al. 2013 ) that precedes recent calls in ecology toward open science and community data sharing (Hampton et al. 2013 , Soranno et al. 2014 . For example, the origins of the North American Pollen Database-used to demonstrate that species distributions closely but individualistically tracked climate variations at timescales of 10 2 to 10 5 years during past glacial-interglacial cycles (e.g., Tzedakis 1994 , Williams et al. 2004 )-stem from a groundbreaking model-data comparison effort between climate modelers and paleoecologists that focused on using the fossil pollen record and other paleoecological and paleoclimatic proxies to test and improve global climate models and their paleoclimatic simulations (e.g., COHMAP Members 1988). In recent years, these databases, originally developed 
COUPLING ECOLOGICAL NICHE MODELS WITH PALEODATA TO STUDY ECOLOGICAL CHANGE THROUGH TIME
There are three main avenues in which paleodata enhance ENMs: (a) testing theoretical assumptions, (b) model calibration and/or validation, and (c) testing ENM transferability through time.
Testing Theoretical Assumptions
Several embedded assumptions are made when using ENMs to predict or reconstruct species ranges. The most obvious assumption stems from niche theory: ENMs assume the ecological niche of a species captures the factors that define a species range. Although most ENMs consider abiotic factors only, inclusion of biotic interactions and dispersal capabilities into ENMs help capture biotic controls on species ranges. Other prominent assumptions of ENMs are ecological niche stability and species-environment equilibrium. The fossil record can test for violations of both these assumptions.
Niche stability and niche truncation.
A fundamental assumption when projecting ENMs through time is that fitted species-environment relationships remain constant. This assumption is referred to as both niche conservatism and niche stability (Nogués-Bravo 2009 , Zimmerman et al. 2010 , Svenning et al. 2011 (Figure 3a) . Note that there is a distinction between these two terms and that niche stability is the most precise term. Violations of this assumption can stem from multiple sources. For example, shifts in the environmental space occupied by a species (i.e., niche shifts) can result from niche evolution, changing biotic interactions, human impacts, and changing CO 2 concentrations that affect water retention in plants (Gavin et al. 2014 ) and forage quality (Faith 2011) . In addition, because ENMs are typically trained on data from one time period only, they cannot capture temporal changes in species-environmental relationships and may not Occupied niche: the subset of environmental space a species inhabits at a given time represent the full range of conditions the species can tolerate. In other words, ENMs more often capture the occupied niche rather than the fundamental niche. In a related issue, the observed niche inferred for any particular time period may become truncated simply because some portions of environmental space suitable for a species may not exist at that time . As available environmental space shifts through time and no-analog climates form, different portions of the potential niche may become available for species, leading to apparent niche shifts . Empirical analyses of paleoecological data have demonstrated that incomplete niche descriptions and shifting environmental availability are more important for some species than for others. Many plant genera that show high abundances in the no-analog climates of the last deglaciation (e.g., Fraxinus, Ulmus, Ostrya-Carpinus) also show niche shifts through time, demonstrating that a single snapshot of the occupied niche is not adequate. However, other genera (e.g., Quercus, Picea) do not appear to shift their niches substantially, so single snapshots may accurately capture their niche . Potential for niche shifts may relate to the position of a taxon in environmental space; for example, the niche of Fraxinus today seems to be truncated by available climate space, so when the climate changes, the taxon is able to capitalize on newly opened climate space . Species with particular traits (e.g., wide temperature tolerance) may shift their niches more readily, but more work linking propensity for niche shifts with traits is needed ). Change in species-environment relationships is a fundamental problem in ecological forecasting because models may not be transferable between time periods, therefore potentially leading to uncertain future predictions and past reconstructions (Wiens et al. 2009 , Feeley & Silman 2010 ). However, incorporating paleodata into models can provide insight for when this may be an issue. (Figure 3b ). Dispersal limitations, biotic interactions, and source-sink dynamics may restrict species from occupying suitable environments (Svenning et al. 2011) . If a species does not occupy the full range of climatically suitable areas in the present, hindcasting or projecting an ENM on the basis of current distributional patterns may be erroneous. A growing number of studies using hindcasted ENMs test for speciesenvironment equilibrium (Figure 1c) . However, even if a species is in equilibrium with its current environment, the ENM may not be transferable because of niche instability or niche truncation (Varela et al. 2009 ). In addition, species may be at equilibrium only at certain times, for example, postglacial expansion of tree distributions (e.g., Svenning & Skov 2004) . Including paleodata into ENMs can lead to more robust models and predictions because the species-climate relationship can be inferred at various times in the past. In addition, models that consider dispersal capabilities (e.g., Cunze et al. 2013 , Saltré et al. 2013 ) and/or species associations/biotic interactions (see Section 5.1) may help account for species-environment disequilibrium.
Species

Model Validation and Calibration
A major critique of the use of ENMs to predict species distributions is the lack of available data to test or validate these predictions, especially in changing climates. A strength of using paleodata is their ability to examine these issues. For example, paleodata can help validate ENMs, test the effects of failing to account for autocorrelation, and fit models so that the entire potential niche space of a species is captured in the ENM. ENMs can also be applied to paleoecological issues, such as providing another piece of evidence in support of taxonomic assignments for fossil data.
Validation.
In addition to using molecular data to validate ENMs through time (e.g., Waltari et al. 2007 , Acevedo et al. 2012 , fossil species occurrence data provide another means to independently validate ENMs (e.g., Martinéz Meyer et al. 2004 , Pearman et al. 2008b , McGuire & Davis 2013 , Yannic et al. 2014 (Figure 3c) . Model performance can be measured by comparing hindcasted models to paleodata and inferring model transferability . The accessibility of large paleontological databases makes this a straightforward process for many taxonomic groups, such as plants, mammals, and marine invertebrates (see Section 3). However, model validation using fossil occurrences (which are often presence-only) can be difficult for groups that have a sparse fossil record, such as reptiles, amphibians, and insects, though even sparse fossil data can be used to invalidate hindcasted ENMs (e.g., Varela et al. 2009 , McGuire & Davis 2013 or to support interpretations of ENM results (e.g., Rödder et al. 2013 ).
Spatial autocorrelation.
The input data for ENMs are inherently spatially autocorrelated; nearby points in an analysis will have similar environmental values, occurrence data, and abundance values (Record et al. 2013) . Several studies have examined how spatial autocorrelation biases ENMs, and methods have been designed to try and overcome spatial autocorrelation , and references therein). Record et al. (2013) extended this line of research by testing predictive performance of ENMs through time, using ENMs that both do and do not include a spatial component and validating them using observed fossil pollen records. They found spatial ENMs fit fossil pollen data better than did nonspatial ENMs. Similarly, Swanson et al. (2013) used historical records to test the ability of generalized linear mixed models to account for spatial autocorrelation.
4.2.3.
Pooling paleodata to estimate the fundamental niche more fully. Paleodata can be used in conjunction with ENMs to characterize better the fundamental niche (i.e., full potential niche) of a species by pooling data through time. Thus, even if the observed niche estimated from a single snapshot is truncated or incomplete, combining the observed niche space from multiple time slices will capture a broader range of climates and the presence of a species in those climates, thus estimating more of the full potential niche (Nogués-Bravo 2009, Williams et al. 2013) (Figure 3d ). These pooled niches (Maiorano et al. 2013 , Metcalf et al. 2014 or multitemporal calibrated niches (Nogués-Bravo 2009) have been used to hindcast (Nogués-Bravo et al. 2008 , 2015 Varela et al. 2010 ) and forecast , Maiorano et al. 2013 distributions. Model performance using this approach has been mixed; pooling data for use in generalized dissimilarity models did not improve estimation of spatiotemporal changes in community turnover (Blois et al. 2013a ), but it did improve model performance of ENMs in reconstructing species distributions through time (D. Nieto-Lugilde, K.C. Maguire, J.L. Blois, J.W. Williams & M.C. Fitzpatrick, "Increased Future Habitat Losses Predicted by Correcting Biases in Quaternary Records," manuscript in preparation). In the case of Blois et al. (2013a) , pooling data did not improve model performance because the main climate drivers of community composition changed through time, demonstrating the need to be cautious when pooled niche data are used to fit models, as with ENMs for a single period.
Pooling observed niches to construct species distributions still presumes species traits and tolerances are stable over the time of pooling, ignoring the ratchet of evolution. If a species niche did evolve, then the species-climate relationships of past time periods may not be valid for future predictions. In addition, the pooled niche method also assumes that other effects are not altering species-environment relationships over time. For example, variation in CO 2 during past glacial-interglacial cycles likely profoundly affected plant-water relationships, which may in turn have affected forage quality and herbivore-plant interactions (Faith 2011) . If the CO 2 effect is not accounted for, then altered plant-water relationships at low CO 2 levels during glacial periods would weaken the accuracy of ENMs that are calibrated from pooled niches with both glacial and contemporary data.
4.2.4.
Using ecological niche models to refine taxonomic precision of the fossil record. Just as studies using ENMs to study ecological processes through time can benefit from the inclusion
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of fossil data, studies analyzing the paleontological record can benefit from ENMs. For example, Alba-Sánchez et al. (2010) used ENMs fit in the present and projected to the past to assign fossil pollen samples to one of two species of the genus Alba. This use of ENMs to disentangle taxonomic uncertainties is useful for taxonomic groups such as pollen in which it is difficult to distinguish species on the basis of morphology alone. However, this method can be used only with species with nonoverlapping distributions.
Testing the Transferability of Ecological Niche Models Through Time
Hindcasting allows critical evaluation of the predictive ability of models through time. ENMs (and other models) typically perform poorly when they are extrapolated to new situations (McGuire & Davis 2013 , Worth et al. 2014 . Spatial model transferability has been studied extensively using modern data, and relationships between species and environments built in one location do not necessarily transfer to other locations (Randin et al. 2006) . In addition to the reasons discussed above, transferability may be further reduced through time owing to temporal changes in the covariance structure among and between predictor and response variables. For example, correlations among climate variables can change through time (e.g., Braganza et al. 2003 , Jackson et al. 2009 , Record et al. 2013 . Summer temperature and growing season length are positively correlated in space but not through time because the early Holocene was characterized by high insolation, leading to strong seasonality between winter and summer temperatures, whereas the late Holocene was less seasonal. Observations of no-analog climates and communities from the past and projections of no-analog climates and communities into the future suggest that model transferability across past and future periods of global change could be limited.
Support for model transferability through time has been mixed. Using historic data from a vegetation survey done 75 years ago, Dobrowski et al. (2011) found that temporal transferability was limited in plants in the Sierra Nevada, and the degree of transferability was related to species traits (but not necessarily the same traits that are related to model performance within a single time period). In contrast, Tingley & Beissinger (2009) found that avian niches in the early twentieth century accurately predicted changes in distribution through time. Thus, lessons from one taxon may not apply to others. When a longer time horizon and a CLM that models beta diversity rather than individual species (generalized dissimilarity modeling) were used, the accuracy of models predicting community turnover declined fairly linearly with increasing amounts of climate change across the late Quaternary, and the climatic drivers of vegetation community composition and their relative importance changed through time (Blois et al. 2013a) . Despite this, spatial changes in communities could predict temporal changes and vice versa (space-for-time substitution) during the late Quaternary under certain conditions (Blois et al. 2013b ). In periods with little climate change (e.g., the Holocene), the range of temporal variation in climate was comparatively small. Thus, when models trained on spatial data with comparatively large differences in climate tried to predict small changes through time, there was a mismatch (Blois et al. 2013b ). The end result was a lack of predictive power through time.
These issues have serious implications for conservation. For example, Williams et al. (2012) took the guise of a hypothetical "ice age ecologist" working in the years immediately prior to a global warming event (the Bølling-Allerød) and examined how well different reserve design schemes hold up across a period of rapid and substantial climate change. They found that prioritizing reserves based on ENMs improved outcomes over simple abiotic strategies, but in all cases, predictive ability was limited. Overall, results from ENMs used to study distributions in the past have led both to concerns as well as optimism for our ability to make accurate predictions. Forecasted climates at 2100 are no-analog across much of the globe , Garcia et al. 2014 and, when coupled with land-use change and other human impacts such as invasive species, are likely to lead to even more no-analog communities (Lugo 2009 , Ordonez et al. 2014 . No-analog situations are thus likely for the future, and the fossil record demonstrates that our concerns about predicting no-analog future communities are well founded. However, temporal modeling approaches allow us to assess the predictive ability of models under various rates and magnitudes of climate change.
By incorporating fossil occurrences into ENM analyses, many of the assumptions and issues discussed here can be quantified if not addressed. However, few studies using ENMs integrate paleodata for these purposes (Figure 1d ) . Of the studies that use paleodata, the majority do so for model validation, either in a quantitative sense (i.e., comparing projected and observed species abundances) or in a qualitative sense (i.e., checking whether fossil localities fall within the projected distribution). Very few studies use paleodata to calibrate models, despite the development of robust paleodatabases from which such data can be easily obtained (see Section 3). Calibration of models using fossil occurrences can specifically address niche stability and species-environment equilibrium, test for model transferability, and potentially improve predictions using the pooled niche approach (Figure 3) .
MOVING FROM SPECIES TO COMMUNITIES
Species do not exist in isolation, but rather interact with one another and the environment to form communities, the structure and function of which have long been studied in fields such as biogeography and community ecology. There is increasing interest in global change studies aiming to understand responses at higher levels of ecological organization, such as community structure and turnover. Climate change can alter species distributions and thus community assembly (Reu et al. 2014 , Jackson & Blois 2015 , but at the same time, species interactions also alter community assembly, both on their own and through their effects on how species respond to climate change (Araújo & Luoto 2007 , Gilman et al. 2010 , Wisz et al. 2013 . Hence, understanding the processes driving community assembly and developing models that consider species interactions are of utmost importance to understand and predict how climate change affects both species and communities. At the most basic level, community assembly or patterns of species co-occurrence/coexclusion can arise from two main causes: (a) similar/dissimilar environmental requirements (Peres-Neto 2004 , Ovaskainen et al. 2010 ) and (b) ecological interactions among species (Gotelli & McCabe 2002) . Species with similar ecological niches are expected to have similar distributions and, hence, to co-occur. By contrast, species with dissimilar (nonoverlapping) niches are expected to have different distributions and, therefore, not to co-occur. Co-occurrence/exclusion patterns can also be driven by interactions between species (Blois et al. 2014) .
Modeling Communities
To consider the role of species interactions in ENMs, recent studies have used known interacting species (Araújo & Luoto 2007 , le Roux et al. 2012 , dominant species (le Roux et al. 2014) , or a proxy of the interaction (e.g., canopy cover) (Nieto Lugilde et al. 2015) as predictor variables in ENMs. Kissling et al. (2012) proposed using matrices that simultaneously describe interactions among multiple species. This approach, however, requires previous knowledge on the important interactions and their relative strengths, which are difficult to obtain, especially for assemblages comprised of more than a few species and even more so for species in the fossil record. The usefulness of this approach is thus limited to modeling one or a few species, perhaps explaining its lack of practical implementation.
Rather than parameterizing complex pairwise interactions, an alternate approach is to consider patterns of co-occurrence/exclusion. This is the general strategy of a class of models we refer to as CLMs that fit a species co-occurrence matrix using a multiresponse method. This allows all species to be modeled at once, thereby capturing shared responses to environmental gradients and, potentially, the influence of biotic interactions to the extent that they reveal themselves as patterns of co-occurrence. However, disentangling their effect from the confounding effect of niche requirements is crucial and remains challenging (Peres-Neto 2004 , Ovaskainen et al. 2010 , Pollock et al. 2014 . Ferrier & Guisan (2006) defined CLMs of this sort as "assemble and predict together" approaches. This strategy contrasts with the current "predict first, assemble later" paradigm of community spatial modeling, which consists of fitting ENMs for each species separately and then stacking their predicted distributions in the same or another time to estimate community composition or changes therein. Stacking individual species ENMs assumes species exist in isolation and respond individualistically to environmental gradients and changes in climate, whereas CLMs implicitly include processes driving species associations in the model structure (Baselga & Araújo 2009 , 2010 Bonthoux et al. 2013) . Some CLMs are direct extensions of single-species ENM algorithms to a multivariate form (e.g., generalized linear model and constrained quadratic ordination) that predict individual species distributions and community composition, in which each distribution is influenced by all other species in the model (for a review and comparison of these CLMs, see D. Nieto-Lugilde, K.C. Maguire, J.L. Blois, J.W. Williams & M.C. Fitzpatrick, "Community-Level Modeling: Theory, Recent Advances, and Applications," manuscript in review). Other CLMs, for example, generalized dissimilarity models (Ferrier et al. 2007; Blois et al. 2013a,b) (Figure 4a ) and gradient forest (Ellis et al. 2012 , Booker et al. 2015 (to our knowledge, only the former has been applied in paleo contexts), model community turnover as a function of spatial and environmental gradients.
Using CLMs has several advantages. For example, CLMs can identify crucial points in environmental gradients that produce the greatest changes in species distributions and community composition (Ovaskainen & Soininen 2011 , Ellis et al. 2012 . As such, they build on the concept that some species have similar environmental requirements and therefore can be expected to respond similarly to environmental change, while also providing some flexibility to allow species to respond individualistically to environmental variables. Furthermore, by borrowing information among taxa, CLMs can facilitate inference for rare (or rarely recorded) species whose low sample sizes make fitting models difficult in the single-species ENM framework (Fitzpatrick et al. 2011 )-a property that may be especially beneficial for sparse fossil records. This approach is conceptually similar to the use of umbrella or indicator species for conservation purposes (e.g., Lambeck 1997 ). In addition, CLMs are beneficial for sparse fossil records, compared with singlespecies ENMs, because they are more robust when there are few localities with which to fit models (K.C. Maguire, D. Nieto-Lugilde, J.L. Blois, M.C. Fitzpatrick, J.W. Williams, S. Ferrier & D.J. Lorenz, manuscript in review) . Lastly, CLMs can provide faster processing, as fitting and evaluating individual species ENMs can be impractical for large numbers of species (e.g., Fitzpatrick et al. 2011 , Landesman et al. 2014 .
A different approach to infer biotic interactions from co-occurrence matrices, called PAIRS, uses pairwise comparisons of species to identify significant interactions among all possible pairs of species in the studied system (Ulrich 2008 , Gotelli & Ulrich 2010 (Figure 3b) . However, PAIRS does not tease apart whether significant associations are a function of shared environmental requirements rather than true interactions (Blois et al. 2014 ). In addition, species interactions are more likely acting as networks rather than as the pairwise processes modeled in PAIRS. Because of the need to infer biotic interactions from the full co-occurrence matrix, several hierarchical CLMs have also been proposed (Latimer et al. 2009 , Ovaskainen et al. 2010 , Clark et al. 2014 , Pollock et al. 2014 , Harris 2015 . These models include a pairwise species residual covariance matrix as a parameter to be estimated (in a Bayesian framework), which represents unmodeled species associations after accounting for the effects of environmental variables. These residual correlations can be interpreted as representing missing environmental covariates responsible for co-occurrence/exclusion and/or as signals of biotic interactions. Thus, this approach provides a means to infer biotic interactions within communities for which prior information on interactions was lacking, while disentangling the confounding effects of climate. Given the propensity for misinterpretation due to missing covariates, this sophisticated approach is not free of risk, however.
How Can Paleodata Inform Community-Level Modeling and What Can We Predict for the Future?
As shown above, CLMs may warrant greater use in spatial modeling in general and for paleoecology in particular. Nonetheless, many of the assumptions underlying single-species ENMs also apply to CLMs; thus, they could also benefit from better incorporation of paleodata (see Section 4). For example, even if co-occurrence patterns capture signals of biotic interactions, associations between species can shift and have shifted through time (Blois et al. 2014) , biotic interactions can modify species responses to climate (Wisz et al. 2013) , and climate can change the direction and strength of biotic interactions (Zarnetske et al. 2012 , Blois et al. 2013c . It is thus difficult to predict the effects of biotic interactions given the emergence of no-analog climates and the nonlinearities of cascading effects in species networks. Paleodata can play a role here by illuminating the extent to which species associations and interactions have changed through time. Paleodata may also generate better forecasting models in the face of current climate change by including past species associations and interactions. For example, previous work has highlighted issues related to the spatial and temporal transferability of models, focusing on the species-environment correlation structure. These issues likely also affect the stability of species-interaction matrices. As we move toward incorporating species associations or interactions into models, we need to consider issues of transferability. In short, models built on co-occurrence relationships that are valid in one time period may not hold in other times. Evidence that transferability issues will also apply to species associations is ample in the fossil record. No-analog communities are common in fossil pollen assemblages , Gill et al. 2012 , fossil mammals (FAUNMAP Working Group 1996 , Graham 2005 , Semken et al. 2010 , coleopterans (Morgan & Morgan 1980) , mollusks (Kitamura 2004) , and foraminifera (Cannariato et al. 1999) . Shifting associations and the emergence of no-analog communities have been attributed to no-analog climates , Semken et al. 2010 . Furthermore, other factors, such as differing dispersal abilities among taxa (Svenning & Skov 2007) or upward and downward cascading control from megaherbivores (Gill et al. 2012) , can interact with climate to alter both species associations and community structure. For example, the loss of megaherbivores at the end of the Pleistocene led to changes in vegetation and coincided with the formation of no-analog plant associations, suggesting that both climatic and ecological associations combined to influence plant assemblages (Gill et al. 2012) . Observed shifts in past communities, species associations, and environments not only demonstrate the need to incorporate changing community composition into predictive models, but also pose opportunities to test the robustness of CLMs under these conditions. K.C. Maguire, D. Nieto-Lugilde, J.L. Blois, M.C. Fitzpatrick, J.W. Williams, S. Ferrier & D.J. Lorenz (manuscript in review) tested the performance of multiple CLMs from the LGM to present against observed fossil pollen records and found that model performance decreased as communities and climates became increasingly novel but that CLMs outperformed traditional ENMs in those instances (Figure 4c) . Similar analyses will be important because no-analog plant communities are expected to arise in the future given the emergence of no-analog climates ). However, because no-analog communities are not always linked to no-analog climate combinations alone, biotic factors should also be included in models of future climate responses (Reu et al. 2014) .
Fossil deposits are well suited for detecting changes in species associations because they often contain community-level data (Figure 2) . Although direct evidence of biotic interactions is difficult to obtain with paleodata alone (Blois et al. 2013c ), many fossil deposits record the net outcome of interactions, environment, and other factors for any given period. For example, pollen and microfossil cores (Figure 2) ; macrofossil records such as packrat middens, cave deposits, and tar seeps (containing mammal fossils); and shallow marine deposits (containing marine invertebrates) all provide assemblage-level occurrence data (Figure 2) . Other deposits may provide information for only one or very few taxa but can approximate community structure when coalesced into a data set or database (see Section 3) (Figure 2) . Typically, any single research group examines only a single taxonomic or trophic group (i.e., plant or animal), even though cores often record multiple taxonomic groups. However, multiproxy studies are increasing in frequency. For example, Gill et al. (2012) examined both fungal spores as a proxy for vertebrate taxa and pollen grains from the same core to provide multitrophic-level community data (animals and plants). The propensity of fossil deposits to contain multiple species and community-level data speaks for the utility of using CLMs in the fossil record.
CONCLUSIONS
Overall, coupling ENMs with paleodata allows us to consider past, current, and future ecological change; test the predictive ability of ENMs; and identify opportunities to increase the ecological realism of ENMs, including investigating the strengths and limits of these models under different rates and magnitudes of climate change. With new modeling techniques, we can now incorporate community-level analyses into reconstructions and forecasts. The nature of paleontological deposits and the availability of these data in large databases provide ample opportunities to include species associations through time in these models, yet this prospect remains largely unfulfilled (Figure 1) .
As the societal conversation has shifted from asking if the climates are changing to asking what the impacts are of climate change, and how we can best adapt to these changes, there has been renewed scientific emphasis on using the paleorecord to understand the sensitivity, adaptability, and response time of biological systems to rapid environmental change (Dawson et al. 2011 ). This shift in emphasis has been accompanied by the rapid development of ENMs and the realization that the paleorecord is fruitful terrain for calibrating and assessing ENMs as well as their predictions and assumptions. This new generation of data-model comparisons, focusing on ENMs and built on the cyberinfrastructure and community networks developed by prior synthetic efforts, offers a classic example of how the use and application of scientific infrastructure has evolved as new research questions have come to the fore.
SUMMARY POINTS
1. ENMs are a powerful tool for constructing species distributions to understand species and community responses to climate and ecological changes through time.
2. By incorporating fossil occurrences into ENMs, researchers can test theoretical assumptions, validate models, and construct pooled niches that can be used to fit models that encompass more variation in species response to climate change. Incorporating paleodata into ENMs will lead to better forecasting models.
3. Paleodata syntheses and databases are rich resources of occurrence information that may be incorporated into ENMs.
FUTURE ISSUES
1. An increasing number of studies adhere to best practices such as the use of multiple GCMs and models; however, despite the call from previous reviews to test the assumptions of ENMs by incorporating paleodata, few studies have done so.
2. Current critical needs include enhancing integration among existing database resources and developing tools that facilitate both the transfer of new records to these databases as well as retrieval of these records by investigators.
3. The use of CLMs to predict past, current, and future distributions of species and assemblages warrants further study. Incorporating species associations and biotic interactions into such models in conjunction with paleodata should provide more accurate reconstructions and predictions given the changing nature of biotic interactions and their relationship with shifting climates.
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